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CCS CONCEPTS
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INTRODUCTION
The Brain Computer Interfaces (BCIs) are interfaces that put the user in communication with an electronic device through the brain activity produced by the user herself. Non-invasive BCI are mainly based on electroencephalographic (EEG) signals. While using these systems, users become able to manipulate their brain activity to produce signals that will then be used to control computers or communication devices without the aid of motor movements, see [8] for details. BCIs can offer promising applications for assistance to patients with reduced or absent mobility, as in the case of Amyotrophic Lateral Sclerosis (ALS) patients in Locked-In Syndrome (LIS), or Complete Locked-In Syndrome (CLIS). Besides active BCI systems, in which the user directly controls the system by a conscious and voluntary mental activity, there are passive BCI that can be used to recognize mental states, like the user's emotional state (in particular the level of engagement) during the interaction or according to a received stimulus. Together with other devices such as heart rate monitors, galvanic response sensors that use physiological signals to detect and recognize the interest and level of emotional involvement of users, BCI devices can be used to continuously monitoring a user's mental state. In this case active user involvement is not required and the interpretation of the user's mental state could be a source of control for the automatic system adaptation. This is a feedback that we aim to detect in order to improve the experience of the subjects in the use of BCIs. In this paper we describe a passive BCI experiment, and its results, wherein users are exposed to a set of emotional artworks and the engagement (see [7] ) measured through a BCI device is compared to their explicit engagement, in order to test the reliability of BCI-based engagement detection. Our experiment replicate the experiment by Abdelrahman et al. [2] with some variations: we used a BCI headset with a fewer number of sensors (Emotiv Insight, which has 5 electrodes vs. the 14 electrodes of Emotiv Epoc), we involved a larger number of subjects (n=25 vs. n=10), and we selected different artworks. The paper has been organized as follows: Section 2 presents related work in the field, Section 3 describes the experimented BCI technology, Section 4 presents the experiment and its results, finally Section 5 concludes the paper and presents our future work.
RELATED WORK
Many authors have investigated the use of physiological signals, such as electroencephalogram (EEG), blood pressure, heart rate, or galvanic skin response, to detect and recognize the user's mental and emotional state during the interaction [11] . Among all these sensors, research reported promising results when using EEG to measure users' engagement or to monitor changes in the user's mental state as a feedback to the received stimulus [13] .
EEG devices measure brain signals by placing electrodes on certain locations on the scalp that measure changes in electrical potential as neurons in the brain's cerebral cortex are fired. The collected signals are divided into five different frequency bands (see Section 3) that have been proven to provide insight into a person's cognitive states such as attention/engagement and relaxation [12] . Then, the interpretation of user's mental state could be used as a feedback to the automatic system adaptation.
In our approach the BCI will be used to monitor passively the user's engagement during their experience in looking emotional artworks and, in real time, to provide a feedback that can be used to personalize the experience. Various EEG-based engagement indices have been proposed in the past. Some studies report their experience in using EEG indices for engagement detection during human computer interaction [9] , [5] . In the FOCUS system BCI is used to monitor engagement while children are reading [12] . Andujar and Gilbert proposed a proof of concept investigating the ability to retain more information by incrementing physiological engagement using the Emotiv EPOC [4] . Recently, Yan et al [14] show how the measurement and analysis of audience engagement from EEG measurement level during a three-dimensional virtual theatre performance have positive impacts on the user experience. Abdelrahman et al. [2] report their experience in using EEG feedback for detecting visual engagement of (simulated) museum visitors using Emotiv EPOC. In the same fashion, Abbattista et al. [1] performed a similar experiment with a low-cost headset (Neurosky Mindwave) to understand if an exhibition piece is of interest for a visitor by measuring her visual engagement from EEG signals. The results of their experiment aimed at predicting real-time user's interest show the feasibility of the proposed approach.
Results of these research works are promising and, even if the experiments were performed on a small number of users, they show the potentiality of the approach.
Finally we would like to report that also during a real exhibition promoted by the largest private bank of Italy, their innovation center made an experiment into the wild, by measuring user emotion and engagement thanks to an eye-tracker, a stress bracelet, and BCI headset 1 . They found that the artwork from Caravaggio (Martirio di Sant'Orsola) was the one that obtained the higher level of engagement compared to the other presented artworks (Martirio di Sant'Orsola -Strozzi, Martirio di Sant'Orsola -Procaccini e l'Ultima Cena -Procaccini).
THE PROPOSED BCI APPROACH
Signals recorded through an EEG can be classified according to different properties that help to discriminate the dominating brain activity. The frequency of the signal is one of the most important criteria for understanding the functional behavior of the brain. The electric potentials recorded by EEG manifest themselves as aperiodic oscillations with peaks recorded in the following different bands [6] :
(1) Band 0.1 -3.5 Hz (delta waves): predominant in childhood, in adulthood are associated to deep sleep; (2) Band 4 -7.5 Hz (theta waves): in normal conditions theta waves are recorded in the first minutes when falling asleep, but they can also be registered in states of emotional tension; (3) Band 8 -13 Hz (alpha waves): are recorded in the waking phase with closed eyes, especially in the parietal and occipital area. They also characterize the REM phase of sleep; (4) Band 14 -20 Hz (beta waves): indicate a highly activated cortex and are mostly concentrated in the frontal and centerparietal area. Beta waves are dominant in a subject with open eyes and engaged in any kind of brain activity; (5) Band > 30 Hz (gamma waves): waves that are recorded in states of particular tension. The aperiodic oscillations are due to the different stimuli to which the human mind is subjected. For example, observing an image generates waves with oscillations and rhythm different from those that are recorded during planning a motor movement. These differences form the foundation of neural interfaces using EEG.
Once worn, a BCI headset acquires EEG data. This can be done by placing electrodes on the scalp and subjecting user to a (visual) stimulus. The number and position of the electrodes can vary, but they are usually positioned in the frontal, cortical and temporal areas of the skull, where the cerebral activity is greater (see Figure  2 for an instance).
Once the data are obtained, signals that can generate noise are removed. This phase is called artifact removal. An artifact is a signal that does not originate from the brain activity or that affects the activity of nerves and peripheral muscles (such as eye movement). The next phase is called feature extraction. In this phase the frequencies of interest are extracted from raw data, combining the data obtained from the various sensors. In the last phase, called feature selection, the frequencies obtained during the extraction phase are processed to obtain sought mental and emotional states.
In our experiment, to acquire EEG data, we us use Emotiv Insight 2 , a headset with 5 electrodes positioned at points AF3, AF4, T7, T8 and Pz with respect to the international positioning system (10-20 International System), see Figure 2 The device offers the ability to access different types of information, in addition to raw EEG data, including location, device 2 https://www.emotiv.com/product/emotiv-insight-5-channel-mobile-eeg/ In our experience with Insight, once the EEG data are obtained from users, we proceed with noise removal. The first mandatory step has been to remove the Direct Durrent(DC) offset, deriving from the potential difference between the sensors of the headset and the scalp of the subject. Thus we used an Infinite Impulse response (IIR) Filter, and then on the filtered data we applied the Fourier transform to obtain the spectrum of the signal frequencies. To obtain the frequencies starting from the EEG data it is necessary to pass from the representation of the signal in the time domain to the corresponding representation in the frequency domain. To this aim, we applied the Fourier analysis. The Fourier series can be extended to the concept of Fourier transform to also represent aperiodic functions as a continuous distribution of sinusoidal components. Since the sampled signals are transformed into discrete values, it is necessary to use the Fast Fourier Transform (FFT), which produces the components in the frequency domain with discrete values. However, the fineness of the measured signal can result in a truncated waveform with different characteristics from the original continuous-time signal, introducing abrupt transition variations in the signal. This phenomenon is called spectral dispersion. It is possible to minimize the effects of running an FFT on a set of finite data by applying a window. A window reduces the width of the discontinuities to the limits of each finite sequence acquired, taking the signal through an appropriate time window with a width that varies uniformly and gradually towards zero. We applied the Hanning window, which has a cosine-type trend (maximum at the center and zero at the ends), which allows to completely eliminate discontinuities.
THE EXPERIMENT
We conducted our experiment in a controlled setting, in our innovation laboratory. As described above, we followed the same protocol described in [2] , with some variations with respect to the headset (Insight vs. Epoch), the number of subjects (25 vs. 10), and the selected artworks. Design. We used a repeated measures design with two levels of feedback for engagement in the shown topic: implicitly using the Insight and explicitly by asking users about their interest level in the displayed image using a 5-point Likert scale.
Participants We recruited 25 participants (av. age = 22 years, SD=1.77) 12 females, and 13 males, among the students attending the first year courses at Campus Luigi Einaudi in Turin. All participants were students in different majors (Computer Science, Innovation and Communication Technologies, etc.). Apparatus and Materials. We created a Python application, both for the front-end and back-end functionalities. In particular, the graphical interface was created using the Kivy 4 library, while the Scipy 5 and Numpy 6 libraries were used to calculate the frequency bands starting from the raw EEG data. In order to make use of the application it is necessary to login to the Emotiv servers, as indicated in the Cortex API in order to obtain both row and preprocessed data. Procedure. Based on the protocol by Abdelrahman at al. [2] , the experiment was aimed to simulate a visit to a museum and to study the feedback deriving from the presentation of a visual stimulus. To this end, 10 works have been selected from WikiArt 7 , an online encyclopedia of visual art, by the experimental team. They were of different authors and movements, as the ones usually found in big museums (Renaissance, Impressionism, etc.), see Fig. 1 in order to see the 10 proposed artworks. We simulated viewing objects in a museum through displaying the pictures on a 30" screen. Each experiment followed the same flow: During the set up phase, participants were seated in front of the screen, at a distance of about 60cm, and dressed up the Insight headset. We spent some minute in positioning all the electrodes, and in checking the acquisition of the correct signals. Then, in order to have a baseline for comparison of EEG signals between relax and engagement phases, we first recorded 60 seconds of relaxation at the beginning of each session, wherein participants were instructed to relax by closing their eyes. Then each picture, with an informative title, was shown in a random order for 20 seconds, followed by 10 seconds in which the participants were asked to rate their engagement subjectively by means of a Likert scale and to indicate whether the image was previously known or not. Finally, before showing the next image, a black screen was shown for other 20 seconds in order to return to a relaxed state. Results. As in [2] , the engagement (E) deriving from the visual stimulus, following the removal of the artifacts described in Section 3, was calculated for every sensors thanks to the Pope formula [9] : β/(α + θ ). The formula uses the Alpha (α) band associated with relaxation, the Beta (β) band associated with attentiveness and focus, and finally the Theta (θ ) band associated with dreaminess and creativity. Referring to several studies that correlate the asymmetry of the cerebral hemispheres to the emotions [3] [15] , then an engagement index is measured asymmetrically, calculating the difference between the electrodes positioned on the right hemisphere (AF4 , T8) and those positioned on the left hemisphere (AF3, T7):
Next we aimed to weigh the visual information extracted from occipital lobe electrodes against the frontal lobe electrodes.
Finally we measured a single engagement score (ES) extracted from the sensors of the temporal lobes with respect to the sensors of the frontal lobes:
Following the experiment previously mentioned [2] , we have chosen α = 0.85 and β = 0.15 (β = 1 -α). This results that 85% of the visual interest comes from visual information, whereas the thinking initiation represent the other. This relationship is also supported by other research studies, based in EEG data extracted from the occipital lobe to create a cognitive system [12] Finally we calculated the Euclidean distance between the engagement index calculated during the relaxation phase (ES r el ax , the baseline) and the one calculated during the vision of the paintings (ES pic ), and we defined the Visual Engagement Detector Score (V EDS) as in [2] : i f ES pic > ES r el ax + Distance i f ES pic < ES r el ax − Distance A Pearson product-moment correlation was then run to determine the relationship between calculated V EDS and explicit Likert scale user data. There was a medium, positive correlation between V EDS and explicit user data, which was statistically significant (r = .389, n = 25, p = .001). The obtained correlation is higher than the one found in [2] , which reported a smaller Pearson productmoment correlation (r= .256, n = 10, p < .01). However we were also curious to correlate user explicit engagement and the one calculated by Emotiv cortex APIs: in this case the correlation is slightly larger then ours (r= .4375, p < .001), witnessing the robustness of their proprietary approach.
CONCLUSIONS
The analysis of the data collected highlighted medium correlation between the calculated engagement indices and the values on the Likert scale. We acknowledge that correlation results can be influenced by the not-representative sample and/or by an insufficient number of sensors used for the analysis. In any case, the engagement indices show variations at the presentation of a visual stimulus, suggesting the possibility to detect changes in the user's engagement, depending on an external stimulus. We will continue investigating passive BCI approaches in other experiments by adding gamification elements to stimulate the task involvement (see for instance [10] ). We will also investigate passive BCI in the funded project BCIAI4SLA 8 that has the ultimate goal of creating a software platform for ALS patients that will allow, through the BCI devices, the direct communication between the brain and the surrounding digital environment (made of smarphones, tablets, robots, and smart objects, etc.).During the daily life, patients will be also asked to wear the BCI headset with the aim of extracting and analyzing the brain activity correlated to the events / activities experienced by the subject during the day, which may have caused certain emotional states of well-being or malaise. This passive monitoring activity will have the dual goal of analyzing the data coming from the BCI systems to try to better understand the mental state of the user but also her emotional state.
